[1] The UV/Vis/near infrared spectrometer SCIAMACHY on board the European ENVISAT satellite enables total column retrieval of atmospheric methane with high sensitivity to the lower troposphere. The vertical column density of methane is converted to column averaged mixing ratio by using carbon dioxide retrievals as proxy for the probed atmospheric column. For this purpose, we apply concurrent total column measurements of CO 2 in combination with modeled column-averaged CO 2 mixing ratios. Possible systematic errors are discussed in detail while the precision error is 1.8% on average. This paper focuses on methane retrievals from January 2003 through December 2004. The measurements with global coverage over continents are compared with model results from the chemistry-transport model TM4. In the retrievals, the north-south gradient as well as regions with enhanced methane levels can be clearly identified. The highest abundances are found in the Red Basin of China, followed by northern South America, the Gangetic plains of India and central parts of Africa. Especially the abundances in northern South America and the Red Basin are generally higher than modeled. Further, we present the seasonal variations within the investigated time period. Peak values in Asia due to rice emissions are observed from August through October. We expand earlier investigations that suggest underestimated emissions in the tropics. It is shown that these underestimations show a seasonal behavior that peaks from August through December. The global measurements may be used for inverse modeling and are thus an important step towards better quantification of the methane budget.
Introduction
[2] Methane (CH 4 ) is, after carbon dioxide, the second most important anthropogenic greenhouse gas, contributing directly 0.48 W m À2 to the total anthropogenic radiative forcing of 2.43 W m À2 by well-mixed greenhouse gases [IPCC, 2001, and references therein] . In addition, it exhibits an indirect effect of about 0.13 W m À2 through formation of other greenhouse gases, most notably tropospheric ozone and stratospheric water vapor ]. In contrast to these abundance based radiative forcing estimates, Shindell et al. [2005] calculated the overall forcing based on emissions, thereby accounting for all indirect effects. From the emissions-based viewpoint, they conclude that the impact of anthropogenic methane on radiative forcing is larger than previously estimated, namely about 0.8 W m À2 .
[3] Since the beginning of industrialization, methane abundances in the atmosphere have more than doubled [Etheridge et al., 1998 ] albeit with decreasing growth rate [Dlugokencky et al., 1998 ] during the past two decades and considerable inter-annual variations [Dlugokencky et al., 2001] . Furthermore, there is evidence that natural methane emissions have a positive feedback from rising temperatures [Worthy et al., 2000; Gedney et al., 2004; Shindell et al., 2004] , leading to expectations of a further increase in methane abundances. Reduction of methane emissions could at present be a cost-effective and feasible strategy for reducing positive radiative forcing [Hansen et al., 2000; Hansen and Sato, 2004] . Hence, better knowledge of methane distribution and emissions is indispensable for a correct assessment of its impact on climate as well as on the chemical composition of the atmosphere through, e.g., a reduction of the OH radical concentrations at higher methane abundances.
Also the Kyoto protocol calls for an independent global quantification and monitoring of emissions [IPCC, 2000; Bergamaschi et al., 2004] . According to current emission inventories, approximately 70% of global methane emissions are anthropogenic ]. The largest contributors are fossil fuel production, ruminants, waste handling and rice cultivation [Olivier and Berdowski, 2001] . Wetlands constitute the most important natural source.
[4] Although the global annual source strength of methane (550 ± 50 Tg yr
À1
) is comparatively well constrained, considerable uncertainties still exist in regard to the partitioning amongst sources and their spatial and temporal distribution. ''Bottom-up'' approaches use local flux measurements and statistical data for upscaling to global totals. This upscaling, however, may inherit large uncertainties, especially for sources with large spatial or temporal variability (e.g., CH 4 from wetlands). In contrast, ''top-down'' approaches use atmospheric measurements and inverse atmospheric models in order to derive estimates of sources (and sinks) [Hein et al., 1997; Houweling et al., 1999; Bergamaschi et al., 2000; Fletcher et al., 2004b; Dentener et al., 2003; Chen, 2003; Butler et al,. 2004; Fletcher et al., 2004a; Bergamaschi et al., 2005] . A major limitation of present top-down estimates is the limited number of atmospheric observation sites. Hence, additional a priori information from bottom-up estimates is usually required in order to overcome the underdetermination of the inverse problem. As a consequence, large uncertainties still exist, especially for regions ill-sampled by the current atmospheric network, e.g., large parts of the tropics (see, for instance, the Climate Monitoring and Diagnostics Laboratory (CMDL) of the U.S. National Oceanic and Atmospheric Administration (NOAA): http://www.cmdl.noaa.gov/).
[5] Satellites offer the unique possibility of sensing methane globally, retrieving methane abundances in remote areas where ground based measurements might be complicated or even impossible due to infrastructural or political obstacles. The atmospheric lifetime of methane, mainly determined by oxidation due to OH radicals, is relatively long, namely, about 8 years [IPCC, 2001; Lelieveld et al., 1998 ]. Consequently, methane is well mixed and its variations in time and space are rather small, demanding unprecedented precision (1 -2%) for space based total column retrievals that can be employed in top-down inversions. Methane columns have been measured from space by the IMG instrument on board ADEOS [Clerbaux et al., 2003] and, more recently, by the SCIAMACHY instrument on board ENVISAT [Buchwitz et al., 2005a; Frankenberg et al., 2005a; Buchwitz et al., 2005b] . The IMG measurements were made by mid-infrared emission spectroscopy, being sensitive to methane in the free troposphere but suffering a substantially reduced sensitivity near the Earth's surface. SCIAMACHY retrievals are based on absorption spectra of solar radiation in the near-infrared. The recorded photons have traversed the entire atmospheric column twice, thereby exhibiting high sensitivity, including toward the surface. In the future, both measurement types could be combined synergistically.
[6] Frankenberg et al. [2005a] presented methane column retrievals from SCIAMACHY for the period August -November 2003, reporting a good overall agreement of these retrievals with model simulations. However, substantial differences were found over large parts of the continental tropics, which were attributed to an underestimation of tropical methane emissions in the model.
[7] In this work, we extend the analysis in Frankenberg et al. [2005a] by presenting methane retrievals for the entire years 2003 and 2004. Possible systematic errors and retrieval precision are discussed in detail. Further, considerable improvements in the retrieval and in computing a modeled column averaged mixing ratio that is directly comparable to SCIAMACHY retrievals have been elaborated.
SCIAMACHY Instrument
[8] SCIAMACHY (SCanning Imaging Absorption spectroMeter for Atmospheric CHartographY) [Bovensmann et al., 1999] on board the European Space Agency's environmental research satellite ENVISAT consists of 8 individual grating spectrometer channels (1 through 8) measuring in the ultraviolet, visible and near infrared wavelength regions (240 nm -2380 nm) of the solar spectrum. The satellite operates in a near polar, sunsynchronous orbit at an altitude of 800 km with a local equator crossing time of approximately 10:00 am. The instrument alternates between limb and nadir modes of measurement. In the latter mode, a swath of 960 km gives full global coverage every six days (14 orbits per day). The typical ground pixel size of SCIAMACHY is 30 km (along-track, i.e., approximately north-south) times 60 to 120 km (across-track, i.e., approx. east-west). SCIAMACHY is an advanced successor of GOME (Global Ozone Monitoring Experiment) on board ERS-2, the smaller footprint being one of its major improvements. Both GOME and SCIAMACHY are equipped with UV/Vis spectrometers, enabling global detection of NO 2 , BrO, OClO, H 2 O, SO 2 , O 3 , CH 2 O, O 2 and O 4 as well as providing information on clouds and aerosols Wagner et al., 2002] .
[9] In addition to GOME, SCIAMACHY features three near infrared spectrometers (ch. 6: 1000-1750 nm, ch. 7: 1940-2040 nm, and ch. 8: 2265-2380 nm) that enable global measurements of total columns of CH 4 , CO 2 , N 2 O and CO by means of differential optical absorption spectroscopy (DOAS) Platt [1994] . First results from these near infrared channels are now available from two other groups [Buchwitz et al., , 2005a Gloudemans et al., 2004 Gloudemans et al., , 2005 Buchwitz et al., 2005b] , using different retrieval algorithms to retrieve methane column densities from channel 8 of SCIAMACHY. Following Frankenberg et al. [2005a] , we only used spectra from channel 6 to avoid problems due to an ice layer on the detectors of channels 7 and 8 [Gloudemans et al., 2005] . In addition, channel 6 exhibits a better signal-to-noise ratio and spatial resolution (60 Â 30 km compared to 120 Â 30 km in channel 8) than the other near infrared channels. The only major drawback is the lower spectral resolution (FWHM approx. 1.35 nm) compared to channels 7 and 8 (FWHM approx. 0.24 nm).
[10] Figure 1 illustrates the SCIAMACHY measurement geometry in the nadir mode. Line of sight zenith angles (LZA) are off-nadir by up to 30°. In addition to these earthshine radiance measurements, direct solar irradiance measurements are performed each day.
Retrieval Methods

Retrieval of Vertical Column Densities
[11] We applied the iterative maximum a posteriori (IMAP) DOAS algorithm [Frankenberg et al., 2005b] to retrieve vertical column densities (VCD or simply V, concentration integrated vertically from the surface to the top of atmosphere) of CH 4 and CO 2 . A simplified radiative transfer scheme that ignores scattering is used to model a spectra that SCIAMACHY would measure given the a priori abundances of all absorbers. In our case we model optical densities, i.e., the negative logarithm of the ratio of the nadir radiance and the solar irradiance spectra. The algorithm basically performs a non-linear constrained least squares fit (based on the Optimal Estimation approach introduced by Rodgers [1976] ), directly iterating a low order polynomial and the vertical column densities of the absorbers of interest until the modeled total optical densities fit the measurement.
[12] The algorithm and an extensive sensitivity analysis are described in detail in Frankenberg et al. [2005b] . A retrieval simulation was performed to study various effects with potential impact on the retrieval, for instance pressure and temperature variations in the atmosphere. These errors were shown to be mostly below 1%.
[13] The algorithm has been successfully applied to retrieve carbon monoxide [Frankenberg et al., 2005c] and methane [Frankenberg et al., 2005a] . In contrast to previous methane retrievals [Frankenberg et al., 2005a] , we use the latest edition of HITRAN (high-resolution transmission molecular absorption database, Rothman et al. [2005] ) for the calculation of reference spectra. It comprises substantial updates especially for CO 2 lines residing in the fitting window applied in this study.
[14] Further fit parameters employed for the retrieval of the data set presented in this study are summarized in Table 1 . Although we perform a total column retrieval, the vertical column densities of CH 4 and CO 2 are divided into three separate layers, where the upper two layers (from 3 -12 km and 12-120 km) are tightly constrained via the a priori covariance matrix (see Rodgers [2000] for details). Only the constraints for the lowermost layer are noncommittal. Since the information content of the measurements is too low to retrieve different height layers independently, tight constraints for all but one layer are needed to avoid numerical instabilities.
[15] The retrieved total column, i.e., the sum of the vertical columns of all height layers, is still sensitive to variations in higher atmospheric layers but treats them as if they occurred in the lowest layer. This has important implications for the sensitivity of the retrieval with respect to concentration changes in different height layers. In our application, the averaging kernel is defined as the sensitivity of the total column retrieval to concentration perturbations with respect to the a priori at different height layers. Given the true changes in each height layer, the vertical column as retrieved by SCIAMACHY can be approximated by:
wherê V = retrieved total VCD V a = a priori total VCD V i = true VCD of height layer i V a i = a priori VCD of height layer i A i = averaging kernel of height layer i.
[16] For weak absorbers, radiative transfer alone determines the averaging kernels; Thus, they should be equal at all heights if scattering is neglected. For strong absorbers such as CH 4 and CO 2 , the sensitivity also depends on the shape of the individual absorption lines and thereby, due to pressure broadening, also on height [Frankenberg et al., 2005b] . This implies that the averaging kernels depend on the choice of the state vector (vector containing the quantities to be retrieved, see Rodgers [2000] and Frankenberg et al. [2005b] ).
[17] Figure 2 shows the averaging kernels for our CH 4 and CO 2 retrievals. Since the a priori covariance is noncommittal only for the lowest atmospheric layer, averaging kernels are close to unity in this layer. Thus, perturbations in this height layer are reproduced accurately and, most 
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Converting Vertical Column Densities to Column Averaged Mixing Ratios
[18] If vertical column densities are to be converted to column averaged mixing ratios, we need to know the probed total atmospheric column, which, in turn, depends on pressure and light path distribution. One of the main advantages of the near infrared spectral regions is that Rayleigh scattering as well as thermal emissions can be safely ignored. In the absence of clouds and aerosols, we can thus exactly derive the path of the photons that constitute the measurement by simple geometric considerations of the measurement geometry, i.e., considering the line of sight zenith angle (LZA) and the solar zenith angle (SZA) (see Figure 1) . In this simple case, we could directly convert vertical column densities to column averaged mixing ratios of CH 4 and CO 2 by scaling with the probed vertical column of all atmospheric constituents (strictly speaking without water vapor), a quantity that can be derived from surface pressure.
[19] Aerosols and clouds (as apparent in Figure 1 ) in the field of view complicate the retrieval [Buchwitz et al., 2000;  a s as given in the a priori covariance matrix, assuming zero off-diagonal elements [Rodgers, 2000; Frankenberg et al., 2005b] . Figure 2. Averaging kernels of the IMAP DOAS retrieval of CH 4 and CO 2 for different air mass factors (%1/cos(LZA) + 1/cos(SZA)). The right panel shows the corresponding a priori profiles for which the averaging kernels have been computed (profiles from U.S. standard atmosphere provided by Kneizys et al. [1996] ).
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FRANKENBERG ET AL.: SATELLITE CHARTOGRAPHY OF ATMOSPHERIC METHANE Buchwitz and Burrows, 2003; O'Brien and Rayner, 2002; Rayner et al., 2002] since they substantially alter the light path and thereby the probed total column. This renders a simple scaling by surface pressure insufficient. The deviations induced by these changes in the light path are generally not large in the near infrared but the precision requirements for a meaningful retrieval of CH 4 are so strict (1-2%) that these effects have to be considered. In typical conditions, the effect of aerosols is below 2% if the surface albedo exceeds 5% [Buchwitz and Burrows, 2003; Houweling et al., 2005] . In extreme cases, as in dust storms in the Sahara, which exhibit high optical densities even in the near infrared, the errors in the retrieved vertical columns are up to 10% and strongly depend on surface albedo . Partial cloud cover further complicates the retrieval since clouds shield the atmospheric layers underneath. Since SCIAMACHY has large footprints, most pixels are partially covered by clouds, and the majority of the measurements would be rejected if strict constraints on cloud coverage were imposed.
[20] In order deal with aerosols and partial cloud cover, we have to apply a proxy for the total column of the probed atmosphere. This total vertical column of dry air (V air ) depends on both pressure and light path distribution. Using proxy X, V air reads
where VMR(X) denotes the column averaged mixing ratio and V(X) the vertical column density of species X. Usually, spectroscopic O 2 or O 4 measurements are used as proxy [Pfeilsticker et al., 1998; Wagner et al., 2003] as their averaged mixing ratios are precisely known and exhibit negligible variations. However, these species absorb in very different wavelength regions (e.g., O 2 : 760 nm) and are thus not directly representative for the light path distribution in the near infrared. In contrast, CO 2 is retrieved in a spectrally neighboring fitting window ensuring very similar light path distributions. In addition to the prerequisite of identical light paths, the sensitivity of the measurement to the species of interest and its proxy for the total air column has to be very similar at height levels where the largest deviations from the expected light path occur. The choice of the state vector as described above ensures nearly equal averaging kernels in the lowermost atmospheric layer. In terms of radiative transfer properties, CO 2 is thus an ideal proxy. A complication is that CO 2 exhibits variations in the column averaged mixing ratio, albeit generally below 3% [Olsen and Randerson, 2004] .
In Frankenberg et al. [2005a] , CO 2 retrievals were introduced as proxy for the probed column assuming a globally constant mixing ratio. Here we greatly improve this approach by considering modeled column averaged mixing ratios of carbon dioxide (see section 4.2) to diminish the systematic errors induced by variations in CO 2 . The column averaged mixing ratio of methane is thus obtained by
where VMR(CO 2 ) is the modeled column averaged mixing ratio of CO 2 . Although the CO 2 model might not exactly represent the true value, the strongest variations, i.e., the seasonal cycle, are well reproduced.
[21] The measurements exhibit a small positive bias compared to the model simulations. To facilitate the comparison, we scale VMR(CH 4 ) by a constant factor (0.982). In comparison to Frankenberg et al. [2005a] , this factor changed due to updates in applied CO 2 line parameters.
Error Analysis
[22] The derived column averaged mixing ratio is affected by statistical errors in the retrieval of the column densities of methane and carbon dioxide, errors in the modeled CO 2 column abundances and possible systematic differences in the light-path distribution between the two spectral fitting windows.
Precision Error of the Retrieval Algorithm
[23] The retrieved vertical columns exhibit a precision error in the least squares fit due to instrumental noise. The statistical fit error shows substantial variations since it strongly depends on the signal-to-noise ratio of the recorded spectra and thereby on surface albedo. On average, the standard deviation of this error term is about 1.5 and 1% for CH 4 and CO 2 , respectively. Since both errors are uncorrelated, the relative uncertainty in the ratio reads
which is about 1.8% (corresponding to roughly 30 ppb) on average in our retrievals. We find typical standard deviations between modeled and measured column averaged mixing ratios of 30 ppb, being consistent with our uncertainty estimates.
[24] As single retrievals are not very precise, we rely on spatial and temporal averages that are constituted by a preferably high number of retrievals. Averaging over N independent retrievals in space and/or time, the precision error in the mean ratio reads
In the following, retrieval uncertainty refers to the estimated 1-s-error in the averaged ratio (scaled with VMR(CO 2 )).
Errors in the Modeled CO 2 Column
[25] Errors in the modeled CO 2 column and differences in the light path affect the accuracy and are harder to quantify. However, errors in the modeled CO 2 column can be assumed to be mostly well below 1%. Biomass burning events, for instance, lead to typical carbon monoxide column abundances of up to 4 Á 10 18 molec/cm 2 in the seasonal average [Bremer et al., 2004] . Assuming an emission ratio of 1:10 for carbon monoxide, the total CO 2 column would be enhanced by 4 Á 10 19 molec/cm 2 , which is only 0.5% of its background value of 8 Á 10 21 molec/cm 2 . Also strong diurnal CO 2 variations near the ground perturb D07303 FRANKENBERG ET AL.: SATELLITE CHARTOGRAPHY OF ATMOSPHERIC METHANE the total column by only 0.5% [Olsen and Randerson, 2004] . The strongest variations in the CO 2 column due to uptake and release mechanisms of the biosphere show a seasonal dependence and are well reproduced by the model.
Errors Due to Differences in the Light Path Distributions
[26] Small differences might exist between the light path distribution of the CH 4 and CO 2 retrievals, which are spectrally about 80 nm apart. These difference can be induced by changes in surface albedo, cloud albedo or aerosol optical properties.
[27] Clouds mostly shorten the light path. For cloud detection, we applied the approach of Frankenberg et al. [2005a] , discarding measurements with an effective cloud top height (assuming that the entire ground pixel is homogeneously cloudy) of more than 1 km. Surface and cloud albedo determine which fractions of the recorded photons are scattered back from the earth's surface and cloud top, respectively (see Figure 1 ). If these albedos do not change between the spectral range of the two fitting windows (1563 -1585 and 1631 -1670 nm for CO 2 and CH 4 , respectively), the light path distribution in both spectral ranges is identical. A problem arises if surface and/or cloud albedo change substantially in our wavelength range. First sensitivity studies suggest that, if cloud or surface albedo change by 25% in this spectral range, the bias could rise to ±3%, though it mostly lies between 0.5 and 2%. This potential bias increases if the cloud filter is less restrictive (e.g., allowing an effective cloud top height of 2 km) and is largest when high clouds are present.
[28] A similar consideration holds for aerosols. We analyzed retrievals over the Sahara (here: 20-30°N/0-20°E) to quantify the effect of aerosols which was found to be much larger in this region Houweling et al. [2005] than elsewhere. The Sahara is ideally suited for retrieval since it is mostly cloud free, exhibits a high surface albedo in the near infrared and is devoid of local methane sources. For the Sahara, we found a standard deviation of less than 10 ppb in modeled methane column abundances from January 2003 through December 2004. To analyze the effect of aerosols, we applied two approaches to convert retrieved vertical columns to column averaged mixing ratios: In the first, we scaled with the total vertical column of air (estimated from surface pressure) and in the second approach, we used concurrent CO 2 retrievals as a proxy for the probed column. [29] Figure 3 shows a histogram of the retrieved column averaged mixing ratios over the entire time period (2003 -2004) using the two different approaches. It is obvious that the variations obtained using surface pressure are much larger than those obtained using CO 2 as a proxy. Also, the shape of the distribution is substantially different for both methods; using surface pressure, the distribution is not Gaussian but exhibits high frequencies at the upper tail. While clouds mostly shorten the light path, Houweling et al. [2005] have shown that aerosols have disparate effects on the retrieval: Depending on surface albedo and aerosol types, the light path can as well be strongly enhanced (overestimated vertical columns) as also shortened. This effect is reflected in the retrieval distribution using a simple surface pressure scaling. Most of the spread in the simple scaling approach is attributable to aerosols, clouds and, to a smaller amount, also to variations in sea level pressure and water vapor concentrations, which have not been considered in this comparison.
[30] The application of CO 2 as proxy reduces the standard deviation of the retrieved mixing ratios from 37 to 18 ppb and results in a Gaussian distribution. The effects of aerosols and clouds, uncertainties in surface pressure and water vapor column are largely eliminated. The lowest panel of Figure 3 depicts the time dependent, relative 1-s spread of CO 2 and CH 4 VCDs scaled with surface pressure, respectively. Further, the relative spread in the ratio is shown. One can clearly see that the spread of the CH 4 and CO 2 retrievals scaled by surface pressure are correlated and exhibit substantial variations, most likely due to partial cloud cover and changes in the aerosol optical depth and height distribution (see Houweling et al. [2005] for a discussion on the influence of aerosols on SCIAMACHY CO 2 retrievals). The ratio of CH 4 /CO 2 , however, exhibits a low spread throughout the time period under consideration; The effect of aerosols is effectively neutralized in the ratio. Furthermore, the relative 1-s spread (mostly about 0.9%) is consistent with our estimate of the retrieval precision, which is about 15 ppb over the Sahara due to the high surface albedo.
Outlook
[31] Future space missions, such as the Orbiting Carbon Observatory (OCO, Jet Propulsion Laboratory, see Crisp et al. [2004] ) or the Greenhouse gases Observing SATellite (GOSAT, Japan Aerospace Exploration Agency), will have far smaller ground pixel sizes for which the measurement scene can be considered to be more homogenous. This should largely resolve the problem of partial cloud cover. A substantially higher spectral resolution will yield both a higher measurement precision and additional information on aerosols. Hence, these instruments are expected to facilitate the use of proxies in wavelength regions that may be spectrally distant.
Atmospheric Models
[32] We use two atmospheric chemistry transport models to simulate total column abundances of methane and carbon dioxide.
CH 4 Modeling With TM4
[33] The model results presented in this paper are based on simulations with the global chemistry -transport model TM4, the successor of TM3 [Dentener et al., 2003, and references therein] . The model has a regular longitudelatitude spatial grid, and hybrid s-pressure layers in the vertical. It is driven by six-hourly meteorological fields from the European Centre for Medium Range Weather Forecast (ECMWF) operational data. These fields include global distributions for horizontal wind, surface pressure, temperature, humidity, liquid and ice water content, cloud cover and precipitation. Key processes included are massconserved tracer advection, convective tracer transport, boundary-layer diffusion, photolysis, dry and wet deposition as well as tropospheric chemistry including nonmethane hydrocarbons to account for chemical loss by reaction with OH [Houweling et al., 1998 ]. Except for methane, anthropogenic emissions are based on Van Aardenne et al. [2001] , which in turn is based on the widely used EDGAR (Emission Database for Global Atmospheric Research) data base [Olivier et al., 1999] , while natural emissions are as in Houweling et al. [1998] .
[34] The model version employed here differs from Dentener et al. [2003] in a number of aspects:
[35] 1. The spatial resolution is 3 Â 2 degrees, with 25 vertical levels up to 0.1 hPa.
[36] 2. A mass-conserving pre-processing of the meteorological input is applied according to Bregman et al. [2003] .
[37] 3. The stratospheric destruction of methane by reaction with OH, Cl and O( 1 D) is taken into account by applying correction factors to the model-calculated destruction rate based on a 2D-model (G. Velders, personal communication).
[38] 4. Furthermore, CH 4 concentrations above 50 hPa are nudged to the monthly-mean zonal HALOE/CLAES climatology from UARS [Randel et al., 1998 ].
[39] 5. The emissions of methane are as described in Table 2 . Modifications with respect to Frankenberg et al. , in agreement with Olivier et al. [1999] .
[40] The model has been run for the period 2000 through 2004. The simulated methane burden is approximately in steady-state at 4850 Tg during this period, with a tropospheric (below 100 hPa) lifetime of around 9.4 years. Modeled concentrations are generally in good agreement with surface measurements from the NOAA-CMDL network [e.g., Dlugokencky et al., 2003] , although the interpolar difference is overestimated by around 30 ppb. So far, it is unclear whether these discrepancies are due to errors in transport, OH fields or emission inventories.
CO 2 Modeling With TM3 3.8
[41] TM3-MPI 3.8 Heimann and Körner [2003] is a three-dimensional global atmospheric transport model for an arbitrary number of active or passive tracers. In this study, we use meteorological reanalysis fields from the National Centre for Environmental Prediction (NCEP/ DOE AMIP-II). The model was run with a resolution of 1.8°Â 1.8°and 28 height layers. The ocean as source or sink for atmospheric CO 2 was implemented according to Takahashi et al. [2002] using monthly mean fluxes without interannual variations. Anthropogenic emissions are derived from the EDGAR 3.2 database [Olivier and Berdowski, 2001] by temporal extrapolation of the annual mean fluxes of 1990 and 1995. Those mainly include agricultural activities and biomass burning. The CO 2 fluxes from the natural biosphere were modeled by the BIOME-BGC ecosystem model using the same temporally resolved meteorology as the atmospheric transport. The biosphere fluxes follow a diurnal cycle. To obtain realistic spatial gradients, the model was run over a spin-up time of 10 years with a coarser resolution, starting from a globally constant CO 2 mixing ratio. The years 2002 and 2003 were modeled with the final resolution.
[42] Verification of the transport properties of the model was performed by Heimann and Körner [2003] . Especially for CO 2 , comparison of TM3 results with in-situ atmospheric measurements from various aircraft campaigns and ground based measurements shows that the model simulates realistic mixing ratio distributions not only at the surface but also in upper parts of the troposphere (Peylin et al., LSCE Paris, manuscript in preparation).
[43] So far, only model results of the year 2003 were applied. These were also used for the correction of the seasonal CO 2 variations in 2004.
Comparing Models With SCIAMACHY Retrievals
[44] The atmospheric models provide mixing ratios in different height layers. These can be converted to the vertical column of each height layer (V i ). In principle, the (mass weighted) column averaged mixing ratio of the model output could then be computed as the ratio of the sum of all vertical sub-columns of the trace gas species of interest to the total vertical column of all atmospheric constituents. For comparison of model output to SCIAMACHY measurements, this simple approach is no more valid as it does not take instrument sensitivity into account. The averaging kernels (Figure 2) show that perturbations, especially in higher atmospheric layers, are generally underestimated by the SCIAMACHY retrieval by up to 50%. In order to have a comparable modeled mixing ratio, the model output has to be converted to the column averaged mixing ratio that SCIAMACHY would measure if the model represented the exact methane profile. This conversion has been applied to the modeled methane abundances using equation ak1, a considerable improvement to Frankenberg et al. [2005a] where the modeled column averaged mixing ratios were computed without taking instrument sensitivity into consideration.
[45] The basic effect of this conversion is that perturbations in the model from the a priori sub-column are damped by the factor given in the averaging kernel at the respective height. Thus, the strongest effect of this conversion to SCIAMACHY sensitivity is to curb stratospheric methane variations. In most cases, tropical regions exhibit higher methane mixing ratios (compared to the a priori level) in the upper troposphere and lower stratosphere (UTLS), whereas polar regions show lower abundances (see stratospheric methane climatology from the HALOE instrument on board the UARS satellite: http://haloedata.larc.nasa.gov/home/ index.php). Adjusting column averaged mixing ratios derived from the model to SCIAMACHY sensitivity thus implies a reduction in the tropics and an increase in polar regions (compared with a simple computation of the modeled column averaged mixing ratios).
[46] When interpreting the results presented in this study, care has to be taken not to confuse column averaged mixing ratios with tropospheric or even surface mixing ratios. Since methane is depleted in the stratosphere, the VMRs presented in this study are generally lower than pure tropospheric mixing ratios.
Results
[47] We present the column averaged mixing ratios of methane as a 2-year average as well as seasonal averages.
Two-Year Average Maps of Methane Abundances
[48] Figure 4a depicts the two-year average VMR of methane. A simple cloud filter discarding retrievals with an effective cloud top height of over 1 km was applied. The overall variations are rather small, most deviations from the global mean being well below 5%. The most striking feature is the clear north-south gradient caused by higher natural and anthropogenic methane emissions in the northern hemisphere. The entire Australian continent as well as southern parts of Africa and South America show very low methane abundances compared to the mid-latitudes. Moreover, there is little scatter on smaller scales, i.e., most pixels show a strong spatial correlation to surrounding areas. This is mostly due to the relatively long lifetime of methane, leading to extended areas of enhancement even for point sources. We restrict the long-term average plots to landmasses since a reasonable retrieval over the ocean requires either low lying clouds, sun glint or a very rough ocean surface to exhibit a sufficiently high albedo. Thus, longterm maps over the ocean would be strongly biased to Figure 4c . Higher uncertainties are mainly due to low sampling frequency or low surface albedo (e.g., parts of Russia and Canada as well as retrievals at coastlines). Figure 4b shows the corresponding TM4 model output. Both the north-south gradient and the main regions with enhancements predicted by the model are on the whole consistent with the measurements. In northern South America and central Africa, however, the retrievals reflect higher methane abundances than the model. As already mentioned, disparities in the light path due to high-frequency spectral structures in surface or cloud albedo are a possible source of bias. This bias would therefore also depend on the surface type and albedo. However, there is no indication for such behavior in the two-year average: The retrievals vary smoothly over different surface types.
[49] Figure 5 depicts the same SCIAMACHY retrievals as in Figure 4a but with a less strict cloud filter (effective cloud top height below 2.5 km) and without discarding retrievals over the ocean. Thereby we achieve full global coverage. The north-south gradient can also be well observed over the ocean. Most methane abundances, surprisingly, are higher than in Figure 4a . However, the absolute values have to be interpreted with care because, as discussed in section 3, clouds are a potential source of bias, especially if no strict cloud filter is applied. At the continent-ocean border, the frequency of reasonable retrievals changes abruptly (less reliable measurements over the ocean), often resulting in a rather steep gradient in the observed mean of methane abundances. We see that clouds do not always hinder a reasonable retrieval, contributing, on the contrary, to meaningful measurements if a suitable proxy for the light-path is applied. In the future, the combination of information on effective cloud top height and cloud fraction as well as surface and cloud albedos will facilitate the quantification of the effect of clouds. At present, we minimize the errors induced by partial cloud cover by confining our analysis to retrievals that comply with the strict cloud filter criteria.
[50] In Figure 4a , various regions with enhanced methane abundances (on larger spatial scales) can be detected. Retrieved VMRs in Russia show substantial variation and are hard to interpret due to the absence of strong spatial correlation of high methane abundances to surrounding pixels and a relatively high uncertainty in the retrievals (mostly due to low surface albedo, see Figure 4c ). Thus, we focus on regions where uncertainties in the average are low and signals from methane emissions strong.
[51] There are regions with substantially enhanced CH 4 VMRs indicating strong regional methane emissions. The most outstanding region is the Red Basin in China showing the highest mean abundances on the entire globe (please note that the highest values are depicted in white). Further, there are high VMRs in northern parts of South America (not in line with the modeled abundances in Figure 4a ), central Africa and also slight enhancements in the U.S.A.. A zoom into these regions with a narrower color-scale is shown in Figure 6 .
[52] In the United States (Figure 6a ), the highest abundances are observed south of the Great lakes. According to the EDGAR base [Olivier and Berdowski, 2001] , emissions from coal mining are very strong in this regions, but other anthropogenic activities also play a significant role. The Rocky mountains show lower VMRs partly due to high surface elevation that results directly in a reduced column averaged VMR (due to the relatively stronger weight of the stratosphere in case of low surface pressure). Also, this region exhibits few sources of methane. Strong variations in coastal areas may be related to an overall higher Figure 5 . Two-year average of methane VMR as retrieved by SCIAMACHY with less strict cloud filter (effective cloud top height less than 2.5 km) and gridded on 1°longitude times 1°latitude.
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FRANKENBERG ET AL.: SATELLITE CHARTOGRAPHY OF ATMOSPHERIC METHANE uncertainty in the averaged mixing ratios in these regions (see Figure 4c ) due to lower albedos or a smaller number of measurements within these pixels. The same could hold for the peculiar enhancement in New Mexico at approximately 36.75°N and 108°W, but further investigations are necessary to ascertain the cause of the enhancement.
[53] In Asia (Figure 6b ), the highest methane abundances by far are found, particularly in the Red Basin (major cities: Chengdu and Chongqing) and regions further south-east. Rice paddies, coal mining, domestic ruminants and waste handling can be assumed to constitute the main sources. In India, the entire Gangetic plains (rice paddies, domestic ruminants) show higher methane VMRs than the surrounding areas. Also in Thailand, Laos and Vietnam, substantial enhancements are observed. Inverse modeling is required to attribute the emissions quantitatively to different sources. In Southeast Asia, rice paddies, wetlands, landfills and domestic ruminants are the strongest sources according to Olivier and Berdowski [2001] .
[54] In South America (Figure 6c) , the highest abundances are found in Venezuela (close to Lake Maracaibo), Columbia, Ecuador and parts of Peru. Also parts of Brazil in the Amazon basin show high VMRs. Particularly surprising are the high values in Venezuela and Columbia: The observed VMRs are much higher than those modeled by TM4 (based on the emission inventories in Table 2 ). In Colombia, the major part of emissions is supposed to be attributable to digestive processes of dairy and meat cattle [Gonzalez and Rodriguez, 2000; Olivier and Berdowski, 2001] . However, these sources are not expected to exhibit the strong seasonal variations that we observe in methane abundances over Colombia (see section 5.2). One might argue that high CH 4 concentrations may be transported into this region. However, the effect of emissions on atmospheric concentrations would be expected to diminish away from source regions. Since the CH 4 abundances are highest in Colombia/Venezuela, they have to be caused mainly by Figure 6 . Global methane mean column averaged mixing ratios (in ppb). The same time period and spatial resolution as in Figure 4a is used but with a different color scale and with focus on four specific geographical regions, namely, (a) United States, (b) Asia, (c) South America, and (d) Africa. Note that the highest abundances are shown in white whereas pixels with missing data (e.g., over ocean) are shown in gray. Only pixels with a maximum statistical error of 8 ppb are depicted. local emissions, while transport can only explain part of the enhancements.
[55] In Africa (Figure 6d ), rather homogenous enhancements between 4°S and 8°N (west of 40°E) are found. Below 8°S, methane is clearly depleted. In Sudan, a region with distinctively high methane emissions from wetlands is apparent in the SCIAMACHY retrievals as predicted by wetland models . Surprisingly, on the other hand, there are also enhanced VMRs in Ethiopia.
Seasonal Variations in Global Methane Abundances
[56] Seasonal variations in methane abundances may be induced due to several factors apart from emissions with strong seasonal patterns such as rice emissions or biomass burning. Variations in predominant wind fields caused by ITCZ movements, for instance, or changes in OH fields can also cause strong seasonal variations in methane abundances. For a first quantitative analysis of the time dependence of the methane distribution, we developed time series in different geographic locations. For the SCIAMACHY retrieval and the TM4 model results, we applied a 30 day box filter (±15 days) to smooth the data. In Figure 7 , the temporal behavior over Asia (20 -30°N/80 -120°E), tropical Africa (10°S-15°N/20°W-60°E) and tropical South America (10°S-15°N/40-90°W) are shown. In Asia, the main seasonality is caused by rice emissions, which are very intense during a relatively short time period. As can be seen Figure 7 . Time series of SCIAMACHY measurements in different geographic locations smoothed in time with a 30 day box filter (±15 days). In the upper panels, the SCIAMACHY retrieval (corrected with model CO 2 fields) and the TM4 model results (using averaging kernel correction) are depicted. The respective bottom panels show the total number of SCIAMACHY retrievals (in gray) and their standard deviation (black dots, not to be confused with the 1-s precision error) as used for the calculation of the 30-day running average. For the averaging, only retrievals in areas with less than 1 km surface elevation are considered. The exact geographic locations of the areas are 20-30°N/80 -120°E for Asia, 10°S-15°N/20°W-60°E for tropical Africa and 10°S-15°N/40 -90°W for tropical South America. Gaps in the time series are caused by missing SCIAMACHY data and the cloud filter (not all SCIAMACHY data were available and due to the ice layer on channels 7 and 8, SCIAMACHY switches to the decontamination mode from time to time).
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FRANKENBERG ET AL.: SATELLITE CHARTOGRAPHY OF ATMOSPHERIC METHANE in the upper panel of Figure 7 , methane enhancements due to rice emissions (peak months are August through October) seem to occur approximately 1 month earlier than given in the model, although the magnitude is very similar (given 60 Tg yr À1 rice emissions in the model). Higher methane abundances are also seen to decline earlier, resulting in markedly lower SCIAMACHY retrievals in November as compared to the model. These results are consistent with the findings of Chen [2003] who also found a time shift in methane emissions with respect to current emission inventories. The start of the rice emissions is also reflected in an enhanced standard deviation of the SCIAMACHY retrievals since local sources induce large scatter.
[57] Especially for modeling purposes, the temporal evolution of sources is of primary importance. These emissions largely determine methane abundances in the entire Asian region and are also transported towards Africa [Frankenberg et al., 2005a] or North America. Different regions can be affected depending on predominant wind fields during the time of peak emissions.
[58] Also in tropical Africa, we observe a phase shift between SCIAMACHY retrievals and model simulations. The absolute abundances are in general on the same order but the measurements show higher mixing ratios starting already in July/August. In tropical South America, measurements are higher than the model throughout the year. However, as in Frankenberg et al. [2005a] , the largest discrepancies are found from August through December, especially in 2003. For the rest of the year, the temporal evolution of measurement and model is very similar apart from an offset of %15 -30 ppb at any given time. Part of the seasonality, such as the decline in methane abundances after April, is due to movements of the ITCZ. August through September is the typical biomass burning season in tropical South America as is evident in observations of increased carbon monoxide abundances [Bremer et al., 2004; Frankenberg et al., 2005c] . Depending on vegetation and fire type, molar emission ratios (CH 4 /CO 2 ) of biomass burning range from 0.4% to 1.3% [Andreae and Merlet, 2001 ] with indications of even higher ratios in tropical rainforest areas [Alvala and Kirchhoff, 1998] . If the emission ratio of methane is exactly the same as the ratio of the background concentrations (%0.5%), the methane emissions would be indiscernible to us if the particular biomass burning event is not correctly included in the CO 2 model. Thus, biomass burning can be a source (Figures 9i -9l ).
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[59] Figure 8 shows time series for the Sahara and Australia. In general, the retrieval over the Sahara does not show large discrepancies compared to the model. Both capture enhanced methane abundances starting in July 2003 but with a higher magnitude in the measurement. These enhancements are accompanied by a relatively high standard deviation in the measurements. Because of the lack of local sources, this suggests that the enhancements are induced by transport, either from Europe or from Asia.
[60] In Australia, there are systematic differences between model and measurement. The SCIAMACHY retrieval shows seasonal variations that are not predicted by the model. The model simulations show close agreement with NOAA-CMDL surface measurements at Cape Grim, Samoa and Easter Island, and are also consistent with FTIR CH 4 column measurements at Wollongong [Dils et al., 2005] . The sinusoidal variations in time have a minimum in June and a maximum in December, albeit with a relatively low amplitude (±1.2%). A retrieval dependence on solar zenith angle cannot explain the variations as this should result in a similar behavior over the Sahara (with a 6-month phase shift), which is not the case (Figure 8 ). Potential alternative explanations are unaccounted variations in CO 2 or a hitherto unknown retrieval bias.
[61] A global view of the seasonal cycle gives a better overview of the seasonal cycles in different geographic locations. Figure 9 shows seasonal plots of retrieved and simulated global methane VMRs.
[62] The associated CO 2 model fields that were used for the computation of methane column averaged mixing ratios are depicted in Figure 10 . It should be noted that the retrievals in the seasonal mean are sometimes only single snapshots of the methane distribution. Especially over the ocean, only few valid measurements are available due to the low ocean albedo in the near infrared, causing, in most cases, an unacceptably reduced signal-to-noise ratio. Hence, care has to be taken in interpreting the seasonal means and, the 1-s uncertainties given in Figures 9i-9l have to be considered. Enhanced methane VMRs south of Iceland appear in the June/July/August average. From the model simulation we could infer that the enhancement is largely due to a transport event on 18-20 July 2003.
[63] The most pronounced feature we observe is due to the temporal variation of methane emissions from rice paddies in Southeast Asia with typical maxima from August through October, resulting in higher VMRs in the periods June-August and September -November. The differences between model and measurement in this case partly result from the deviation of the observed from the modeled temporal evolution (see Figure 7) . In Africa, the highest methane abundances are situated towards the south in Dec/ Jan/Feb, while they are strongest and situated further northward in Sep/Oct/Nov. This, on the whole, corresponds well to the temporal evolution and spatial distribution of wetland emissions [Shindell et al., 2004] .
[64] In South America, the highest abundances are found from January through April, in line with current wetland distributions. However, in northern parts of South America the highest abundances appear from September through November, as also evident in the two-year mean (see Figure 6c ). The current emission inventory for Colombia and Venezuela (together 4.9 Tg yr À1 given by the EDGAR (Emission Database for Global Atmospheric Research) database [Olivier and Berdowski, 2001] ) can hardly explain Figure 10 . Seasonal plots (December/January/February, March/April/May, June/July/August and September/October/ November, derived from TM3-MPI) of the modeled column averaged CO 2 mixing ratio as used for the calculation of the mixing ratio of CH 4 .
FRANKENBERG ET AL.: SATELLITE CHARTOGRAPHY OF ATMOSPHERIC METHANE such abundances. The seasonality of the signal calls for an exclusion of more or less constant sources such as energy related emissions or cattle breeding. The total rice production in Colombia is only 2% of that in India (see Food and Agriculture Organization of the United Nations, http:// apps.fao.org) and thus unlikely to be the source of such high methane abundances. Other possible tropical sources are biomass burning and termites. However, in northern South America no substantial biomass burning was detected in the July -November period (Bremer et al. [2004] , Tropospheric Emission Monitoring Internet Service, http:// www.temis.nl), while termites are not expected to exhibit strong seasonality in their methane emissions [Zimmermann et al., 1982; Sanderson, 1996] . Thus, the origin of these high abundances still remains unclear.
[65] A more detailed discussion and rigorous comparison with atmospheric models using different emission inventories will be presented in a subsequent publication (P. Bergamaschi et al., manuscript in preparation, 2006) .
Conclusions
[66] The space-borne spectrometer SCIAMACHY on board ENVISAT now enables first precise measurements of atmospheric methane from space with high sensitivity including toward the ground and global coverage over continents. In this paper, we investigate available SCIAMACHY data in the years 2003 and 2004 and derive maps of the methane distribution as well as the corresponding methane abundances modeled with the atmospheric chemistry transport model TM4. We use CO 2 as a proxy for the probed atmospheric column to convert methane total columns to column averaged mixing ratios. For this purpose, concurrent retrievals of the total column of CO 2 are used in combination with modeled CO 2 abundances. Since variations in the CO 2 column abundances are far smaller than those in methane, we retrieve precise maps of the column averaged mixing ratio of methane.
[67] In these maps, the north-south gradient can be clearly identified. In the two-year average, we found the most pronounced enhancements of methane in the Red Basin of China and in large areas of Asia in general, followed by northern parts of South America and central Africa. In particular, the high mixing ratios in Columbia and Venezuela are surprising, and much higher than our TM4 simulations. This indicates higher CH 4 emissions in this region than given by the CH 4 inventories used in our study. The largest seasonal variations are caused by rice emissions in Asia, which are very intense during a relatively short time period. Our measurements indicate that these emissions already start towards the end of July and decline sharply in November, which is earlier than predicted by the model based on the inventory by Matthews et al. [1991] . This is of primary importance for the modeling of global methane abundances.
[68] Confirming our previous analysis [Frankenberg et al., 2005a] , we found strong deviations between observed and modeled CH 4 abundances in tropical regions, hinting at so far underestimated tropical emissions. The analysis of the two-year period reveals that these discrepancies between measurements and model are highest in the time period from August through December, especially in the year 2003.
[69] Over Australia, we found unexpected seasonal variations (±1.2%) in the measured CH 4 /CO 2 ratio. To date, the origin of this behavior remains unclear and needs further investigations to exclude a measurement bias.
[70] In the long term, however, the correlation with atmospheric models is very good and the standard deviation between model and measurement is about 30 ppb [Frankenberg et al., 2005a] , which corresponds to a retrieval precision of 1.8% for a single measurement. Thus, the measurements represent an enormous potential for verifying or correcting current methane emission inventories. A more detailed comparison with the atmospheric models TM4 and TM5 , including the analysis of different emission inventories and application of highresolution atmospheric models Bergamaschi et al., 2005] for source regions of special interest, will be part of a subsequent publication (P. Bergamaschi et al., manuscript in preparation, 2006) .
